Cohesion features were calculated for a corpus of 960 essays by 480 test-takers from the Test of English as a Foreign Language (TOEFL) in order to examine differences in the use of cohesion devices between integrated (source-based) writing and independent writing samples. Cohesion indices were measured using an automated textual analysis tool, the Tool for the Automatic Assessment of Cohesion (TAACO). A discriminant function analysis correctly classified essays as either integrated or independent in 92.3 per cent of cases. Integrated writing was marked by higher use of specific connectives and greater lexical overlap of content words between textual units, whereas independent writing was marked by greater lexical overlap of function words, especially pronouns. Regression analyses found that cohesive indices which distinguish tasks predict writing quality judgments more strongly in independent writing. However, the strongest predictor of human judgments was the same for both tasks: lexical overlap of function words. The findings demonstrate that text cohesion is a multidimensional construct shaped by the writing task, yet the measures of cohesion which affect human judgments of writing quality are not entirely different across tasks. These analyses allow us to better understand cohesive features in writing tasks and implications for automated writing assessment.
Introduction
Connectedness and organization have long been considered important aspects of second language (L2) writing development, L2 writing instruction, and assessment of L2 writing quality (de Silva, 2015; Grabe & Kaplan, 1996; Sasaki, 2000; Shaw & Weir, 2007) . Key to a text's connectedness are the ideas of cohesion, the level of a writer's use of explicit lexical, syntactic and textual features to connect ideas throughout a text, and coherence, the level of connectedness evident to a reader of a text (Halliday & Hasan, 1976) . Specifically, measures of cohesion have been utilized as a parameter for judgments of writing quality alongside ratings of organization and language accuracy and sophistication in L2 writing assessment (de Silva, 2015; Grabe & Zhang, 2016; Sasaki, 2000) . However, cohesion in writing, although necessary, does not sufficiently guarantee coherence for readers (Carrell, 1982) . Research into the impact of cohesive feature use on human judgments of writing quality have found mixed results, with the potential for cohesive features to predict writing quality dependent on whether they measure local (i.e., sentence level cohesion) or global aspects of cohesion (i.e., cohesion linking larger text segments; Crossley, Kyle, & McNamara, 2016a; Crossley & McNamara, 2011a; Guo, Crossley, & McNamara, 2013) .
In this study we use cohesion features to distinguish two writing assessment tasks (integrated and independent writing) and predict writing quality in the Test of English as a Foreign Language (TOEFL) internet-Based Test (iBT) writing samples. Many examinations of cohesive features in learner writing categorize features by their shape and function (i.e., surface features such as connectives and propositional reference; Hall et al., 2015; Halliday & Hassan, 1976; Roman et al., 2016) . Other research emphasizes the categorization of cohesive features based on the distance between textual connections, with cohesive features being either local or global (Crossley, Kyle, & McNamara, 2016b; Dascalu et al, 2015; Horning & Kraemer, 2013; Ruegg & Sugiyama, 2013) . Local cohesion refers to those features which are explicit in the text and connect nearby textual elements, including connectives and lexical overlap between adjacent sentences. Global cohesion refers to those features which are more implicit and capture lexical overlap across paragraphs or larger text segments rather than immediate proximities. Additionally, cohesive features may exist in a grey area between local and global, such as when repetitions of lexical items appear at both the local and global level or when specific lexical categories related to discourse organization (e.g., connectives, pronouns, or determiners) appear throughout a text. Crossley and his colleagues (2016b) refer to this overall text connectedness as text cohesion.
Examinations of cohesion in L2 writing often conceptualize the use of cohesive features as a facet of language proficiency and discourse awareness (Liu & Braine, 2005; Yang & Sun, 2012) . Thus, writing assessments such as the TOEFL iBT provide fertile grounds to examine interactions of cohesion with discourse orientation and writing quality. Yet, when examining the quality of L2 writing in an assessment such as the TOEFL iBT, the influence of text type (i.e., integrated or independent writing samples) must be considered. Much previous research has examined differences in these text types using large scale computational analysis of register variation, finding that integrated and independent writing tasks differ along multiple dimensions of surface features of writing (Biber & Gray, 2013; Cumming et al., 2005; Kyle & Crossley, 2016) . Previous studies have also shown that elements of cohesion to differ between types of texts (Plakans & Gebril, 2017) , and that cohesion features are predictive of writing quality (Guo et al., 2013) . However, no research to this point has investigated whether cohesive features which differ across writing tasks are also predictive of writing quality. Combining the foci of previous research, the goal of this study is to determine if cohesive features, at the local, global, and textual levels, can distinguish between the two TOEFL writing tasks and if a model can be built to determine which distinguishing features also predict writing quality. To this end, we use an automated text analysis tool, the Tool for the Automatic Analysis of Cohesion (TAACO), to measure the use of cohesive features in L2 writing samples from the TOEFL independent and integrated writing tasks. We then analyze which cohesion features can be used to distinguish the two tasks, and subsequently which of these distinguishing features are predictive of writing quality. This computational approach allows us to test the assumption that local, global, and text cohesive features are important components of both text types and text quality.
Cohesion and Cohesive Features
Researchers have historically used multi-faceted analysis of surface linguistic features to understand register differences and differentiate text types (Biber, 1988; Grabe, 1987) . Such analyses have shown that language learners show preferences for certain discourse features depending on the writing task (Lux & Grabe, 1991) . Importantly, it is the co-occurrence of linguistic features, rather than specific lexical items, that differentiate written text types. In terms of cohesion features, this co-occurrence goes deeper than the correlation of distinct linguistic features, and involves features of cooccurrence, such as lexical repetition, pronominal reference, and given-new relations (Halliday & Hassan, 1976; Hoey, 1991) . Many cohesion features are prime examples of surface features that are not limited to semantic categories yet form an integral part of a text's discourse orientation.
Research interested in cohesion in discourse focuses on links between both sentences and larger segments of text (i.e., local and global cohesion respectively). A text is cohesive when there are linguistic features that link ideas between sentences and aid in creating a unified texture (Halliday & Hasan, 1976) . Cohesive features exist explicitly at the lexical level as well as at the relational level (i.e., between lexical items). These features help writers direct the organization of text, mark ideas as new or given, and give cues to relationships between referential objects (Halliday & Hasan, 1976) . Explicit cohesive devices include isolated features, like connectives (e.g., and, however), and the connections between sections of text, usually at the lexical level. For example, Hoey (1991) specifically highlighted repetition of lexical items across text as an early-acquired method for writers to signal the connectivity of a text.
The locality of connection established by cohesive devices is also important to their function (Crossley, Kyle, & McNamara, 2016a; 2016b; Ruegg & Sugiyama, 2013) . Local cohesive features are features which establish cohesion through conjunctive expressions, discrete lexical connectives (therefore, however), and lexical overlap in local environment (e.g., the same noun subject appearing in sequential sentences). Beyond local cohesion, researchers are also interested in global cohesion cues (more implicit and meaning-based) between larger text segments (Crossley, Kyle, & McNamara, 2016b; McNamara et al., 2014) . These relations and cues take the form of presuppositions or words, phrases, and structures which call back to known entities from earlier in the text, such as referential pronouns, demonstratives, comparatives, as well as anaphoric substitutions and ellipses. Additionally, textual cohesion beyond discrete text segments, whether near or far, can be measured throughout an entire text using measures such as overall lexical repetition through type-token ratios (Jarvis, 2017) or givenness, which can be measured using use of determiners (Ekiert & Han, 2016) or more complex algorithms (Hempelmann et al., 2005) .
Researchers are interested in how cohesion affects text quality judgements, investigating specific lexical items, general lexical and semantic overlap across text segments, and text level coreference (Crossley, Kyle, & McNamara, 2014; 2016; Myers et al., 2011; Reppen, 1994) . However, cohesion does not necessarily engender coherence (Carrell, 1982) , and simply having a preponderance of cohesive devices like connectives does not always make for clear, coherent writing.
Cohesive strategies and features are likely to vary by text type and register (Halliday & Hasan, 1976; McNamara, Louwerser, McCarthy, & Graesser, 2010) . Different types of text will contain different amounts and forms of cohesion. This notion is supported in research examining various text type dyads and specific cohesive features. For instance, Graesser et al. (2007) found monologic texts to have more referential cohesion than dialogs. In comparing authentic versus simplified texts, Crossley, Allen, and McNamara (2012) found that authentic texts have more logical connectives while simplified texts had more overall cohesion features in the form of local lexical overlap and more common connectives.
Additionally, deceptive texts were reported to have higher levels of cohesion in terms of semantic overlap between sentences and amount of given information when compared to truthful texts (Duran et al., 2010) . Reynolds (2001) found lexical repetition of second language writers to be dependent on writing task (and the resulting text type) with persuasive writing involving more lexical repetition than descriptive writing. These studies indicate that cohesive features vary depending on text types and that those features can be used to distinguish text types.
Cohesion in Language Assessment
Various studies have compared cohesive features to first language (L1) writing quality and L2 writing quality with mixed results. L1 research indicates that the use of cohesive features in younger writers is related to writers' knowledge of organizational and self-regulation strategies in writing (Garcia & Fidalgo, 2008; Koutsoftas & Peterson, 2016) and measure writing development. Indeed, cohesive features have been used to assess development of writing form, discourse organization and genre awareness in L1 (Galloway & Uccelli, 2015; Reynolds & Perin, 2009 ). For instance, Bunch and Willet (2013) found cohesion to develop along with writing development, although they only examined the larger construct of organization. Galloway and Uccelli (2015) found use of cohesion features to develop through early grade levels, but that it was a distinct construct with low correlation with lexicogrammatical skill. Research with high school writers has shown that the uptake and use of cohesive devices is correlated with business letter writing quality (Duggleby, Tang, & Kuo-Newhouse, 2015) , and high school students' comprehension of academic texts increases with the presence of cohesive features (Hall et al., 2015; Reed & Kershaw-Herrera, 2016) . However, some research suggests that the use of such cohesive markers has minimal effects and is invariant between grade levels (Pinto, Tarchi, & Bigozzi, 2015) . McNamara (2010, 2011a) , explicitly distinguishing local and global cohesion features, found that while the use of explicit, local cohesion features was negatively correlated with L1 writing quality, increased global cohesion was an indicator of writing quality. Crossley and his colleagues (2016) were able to identify three global cohesion features that were not text-based but rather measured based on semantic similarity which positively correlated with writing quality. In sum, what type of cohesion features appear in a text is more important for judgments of writing quality than how many explicit linking words are used. The use of local cohesive devices is just one path to building a text which may be coherent for the reader, so it should not be surprising that local cohesion devices may not be strongly related to ratings of proficiency (Guo et al., 2013; Staples & Reppen, 2015) . L2 researchers, teachers, and assessment specialists have also been interested in L2 writing and text cohesion finding that the use of cohesive devices signals writing development, discourse competence, and writing quality (Liu & Braine, 2005; Yang & Sun, 2012) . Similar to studies in L1 writing research, cohesive features have been used as a measure of L2 writing quality in L2 middle grade writing (Bunch & Willet, 2013) . Teachable features of cohesion are often included as targets for teaching discourse, writing, and genre (Celce-Murcia & Olshtain, 2000; McCarthy & Carter, 1994) , but direct links between use of cohesion features and perceived writing quality may not be readily apparent (Watson Todd et al., 2007) . Cohesion features have also been included as evidence of writing quality in language assessments, but these cohesion features are often discrete and macroscopic, with assessment instruments examining cohesion through features such as paragraph organization and use of connectives (Mullis & Mellon, 1980; Sasaki, 2000) .
Cohesion figures into writing quality rubrics used in L2 assessment. For instance, cohesion is an analytic category on the IELTS writing rubrics for the integrative description task and the prompted essay task, with raters asked to address a text's organization and progression of ideas, as well as how logical, unobtrusive, and non-repetitive the cohesive devices employed are (British Council, 2018) .
The only difference between how cohesion is rated between the two tasks is that the prompted essay rubric has additional attention to paragraph structure and formatting. Cohesion is not found explicitly in the TOEFL iBT rubrics for integrated and independent writing, so cohesive features may only be indirectly part of a rater's assessment. Rather, the independent writing rubric specifically asks raters to consider unity, progression, and coherence with lower rated essays showing greater redundancy and digressions and fewer connections, while the integrated rubric is generally concerned with connections made between the source and response text (Educational Testing Service, 2012).
Like L1 research, studies which have empirically examined links between writing quality and the incidence of cohesion features in L2 writing report mixed results. For instance, Duggleby, Tang, and Kuo-Newhouse (2015) found the use of certain connector words to be moderately and positively correlated with writing quality in English as a Second Language (ESL) writing. Guo et al. (2013) found that human ratings of L2 independent and integrated writing quality could be predicted using a number of linguistic features, including cohesion features. For example, semantic similarity of words-incontext between adjacent sentences as measured by Latent Semantic Analysis (Foltz, 2007) was positively correlated with human ratings of integrated writing quality. In terms of independent writing tasks, only conditional connectives, a surface-level feature, were predictive of writing quality. However, the coefficients were negative, indicating that the use of more local cohesive devices was negatively related to writing quality. Crossley, Kyle, and McNamara (2016) found numerous local cohesive devices to be either weakly correlated (e.g., certain connective words), or negatively correlated (local pronoun repetition) with L2 writing quality. Wilson, Roscoe, and Ahmed (2017) , modeled L2 writing quality with Structural Equation Modeling and found that global cohesion was an integral part of L2 writing structure. In another study employing structural equation modeling, Kim and Crossley (2018) examined global overlap (between paragraphs), local overlap (between sentences), and connectives as measures of cohesion in TOEFL writing, finding that global lexical overlap across paragraphs was greater in independent writing and local lexical overlap between sentences was greater in integrated writing. No differences were reported in the use of connectives between the tasks. In terms of writing quality, they also found that while global overlap positively correlated with the scores in both tasks, local overlap only correlated positively in integrated writing, and that use of connectives was negatively correlated with the quality in independent writing.
Current Study
The current study focuses on fine-grained indices of cohesion related to deep and surface meaning which we use to classify texts by an assessment task in the TOEFL iBT as well as measure the relationship between cohesion and human ratings of writing quality. Previous research has used features related to word frequency, collocational patterns, and lexico-grammar in L2 writing during writing assessment to explain register differences between the types of texts produced in the TOEFL iBT (Biber & Gray, 2013; Cumming et al., 2005) . In addition, previous studies have analyzed the relationship between fine-grained indices of lexical sophistication and human ratings on independent and source-based writing (Kyle & Crossley, 2016) , as well as lexical, syntactic, and cohesive features together on both integrated and independent writing scores (Guo et al., 2013) . However, no study has looked specifically at fine-grained cohesive indices separately from other indices to differentiate learner writing by task type in the TOEFL and has compared the impact of cohesive strategy in both TOEFL iBT writing task formats on human ratings of writing quality. The current study continues the above three strands of research by applying fine-grained measurement of cohesion and discourse orientation features to classify texts by register and to connect these measurements of register-specific cohesion to writing quality.
This study analyzed 480 independent and 480 integrated expert-rated TOEFL iBT essays across two prompts for each task. Feature counts for various cohesion indices were collected using TAACO (Crossley, Kyle, & McNamara, 2016b) . Indices used for analysis include indices of semantic overlap between adjacent and distant sentences and paragraphs, use of repeated content words, use of lexical cohesive devices such as pronouns, conjunctions, subordinators and other clausal and sentential connectives, and determiners and demonstratives. The goal of this study is to understand whether measurements of cohesion in L2 writing assessment distinguishes text types and predicts scores. Specifically, these measurements were used to address two research questions:
1. Is the use of cohesive features in writing related to the type of text being written? a. Which cohesion features differ significantly between independent and integrated writing? b. Can the use of cohesive features in independent and integrated writing tasks be used to predict task type? 2. What is the relationship between measurements of cohesive features and integrated and independent writing quality as measured by human-rater judgements?
Taken together, these results will better inform second language writing researchers and writing assessment researchers regarding the strategies which L2 English writers employ to give their writing cohesion, and how cohesion can be operationalized for rating second language writing in different registers.
Methods

Corpus of Independent and Integrated Writing
A corpus of 960 TOEFL iBT essays from 480 test-takers was analyzed in this study. The data came from the Test of English as a Foreign Language internet Based Test (TOEFL iBT) Public Use Data Set. The TOEFL iBT includes two different writing tasks: independent writing and integrated writing. The independent prompts ask test-takers to write an essay that asserts and defends an opinion on a particular topic based on their life experience. The integrated prompt asks test-takers to read a short passage, listen to a related lecture, and synthesize the information given in the reading and the lecture. Currently, the TOEFL iBT uses both formats to assess test-taker writing proficiency.
This corpus was constructed by the Educational Testing Service (ETS) using two separate administrations of the test, each with 240 test-takers. Both administrations utilized the two writing tasks, but with different prompts for each administration. Each test taker completed both writing tasks, giving a total of 960 texts and 480 unique authors. Each combination of task and prompt was represented by 240 texts. Table 1 outlines the texts in the corpus.
Included in the corpus are the original ratings for each essay, which were rated by human raters using a holistic rubric on a scale from 1 to 5 (5 being most proficient). For both tasks, the rubric includes attention to essay coherence, clarity, and organization, all of which may be elicited by the author via cohesive features. For the integrated task, the rubric also gives attention to the selection of information integrated from the source to the essay. In the independent task, the rubric emphasizes argumentation in place of source-use constructs. The rubrics used in the data set for each task can be found on the ETS webpage (2004). 
Linguistic Analysis
Cohesive features in all 960 essays were measured using the Tool for the Automatic Analysis of Cohesion (TAACO; Crossley, Kyle, & McNamara, 2016) . TAACO is a free automated natural language processing tool ().
TAACO incorporates over 150 classic and recently developed text cohesion measures related to local, global, and textual cohesion which would be impractical to calculate by hand. It provides direct, automatic measurement of cohesive features in a text including local cohesive features that connect words and sentences. Such indices include the use of lexical connectives (because, and) and lexical overlap between sentences. Global cohesive features examine links between larger text segments (e.g., lexical overlap across paragraphs). Textual cohesion measurements include elements of cohesion that apply to the scope of an entire text, such as discourse orientation features. These may be type-token ratio (TTR) or text-wide repetition of a certain cohesive feature (e.g., referential pronouns). In previous studies, TAACO indices have been found to significantly correlate with and predict human judgements of coherence and overall text quality in SAT independent essay writing (Crossley, Kyle & McNamara, 2016) . The program has since been used to identify and calculate cohesion variables in models of second language writing development (Kim & Crossley, 2018) .
Local and Global Overlap Indices
Lexical overlap as a measure of cohesion can be traced back to Hoey's (1991) assertion that repetition is a common strategy for explicit marking of cohesion. TAACO calculates a number of overlap indices that measure the degree to which words or lemmas are repeated in subsequent text sections: sentences (locally) and paragraphs (globally). Overlap by lemma is computed between two adjacent sentences or paragraphs or three adjacent sentences or paragraphs. TAACO performs separate calculations for all lemma overlap, for content word lemma overlap and function word lemma overlap, as well as separate calculations for lemma overlap for parts of speech such as nouns, verbs, adjectives, adverbs, and pronouns. It also provides lemma overlap calculations normed for number of sentences and paragraphs, and as binary overlap measurement (i.e., whether there is any overlap between adjacent sentences or paragraphs).
Local cohesion indices have demonstrated positive relations with other measures of cohesion such as coreference and type-token ratio. , but generally they demonstrate no significant relations with measures of coherence (Crossley & McNamara, 2011a , 2011b . However, global overlap indices have demonstrated positive relations with measures of text coherence in previous studies (Crossley &McNamara, 2011b; Crossley et al., 2016) .
Connectives
TAACO also measures the incidence of connectives. Many of the connective indices are similar to those found in Coh-Metrix (McNamara et al., 2014) . Theoretically motivated connective indices include positive and negative connectives, and classes of cohesion identified by Halliday and Hasan (1976) and Louwerse (2001), such as logical, additive, and causative connectives. TAACO also reports on connectives related to rhetorical devices including disjunctions and contrasting connectives. Indices measuring the use of connectives have previously demonstrated a negative, if any, correlation with essay quality and essay coherence (Crossley & McNamara, 2011a , 2011b , although some connectives have demonstrated positive relations with other cohesion measures .
Textual Cohesion Indices
TAACO calculates cohesion across an entire text through measurements of givenness and type-token ratio (TTR). Like the local and global cohesion measurements, textual cohesion measurements calculate an average score based on specific incidences of a linguistic construct. Unlike the local and global cohesion measurements, textual cohesion measurements are not based on a specific locality of coreference but count aspects of cohesion that occur throughout a text, not restricted to discrete localities. Givenness refers to the amount of information that is recoverable from the preceding discourse. To assess givenness, TAACO calculates the incidence of a variety of pronoun types under the premise that pronouns are used when information is given (Crossley, Allen, Kyle, & McNamara, 2014) . Pronouns in TAACO include first-person, third-person pronouns, subject pronouns, and quantity pronouns. Similarly, TAACO calculates the ratio of nouns to pronouns under the presumption that lower ratios imply higher levels of givenness. TAACO also calculates the incidence of definite articles (i.e., the) and demonstratives (i.e., this, those, that, and these) found in a text, under the presumption that the definiteness of these words belies given information. Likewise, the number and proportion of single content lemmas (e.g., how many lemmas occur only once in a text) are also counted. Givenness indices have previously been shown to relate positively with measures of text coherence (Crossley & McNamara, 2011b , 2011c .
TAACO calculates a number of different TTR indices which measure the inverse of repetition of words in the text by dividing the number of individual words (types) by the total number of words (tokens). TTR indices calculated by TAACO include overall TTR, lemmatized TTR, and TTR indices specifically for content and function words as well as bigrams and trigrams. TTR indices have demonstrated inverse relations with measures of cohesion and text coherence (Crossley & McNamara, 2014; . However, it is not a direct measurement of cohesion as TTR is on its surface a measure of lexical diversity and an inverse of cohesion (McCarthy & Jarvis, 2010), although it is flawed due to its strong relationship with text length in words (which is not related to cohesion). However, calculating TTR by lemmas (e.g. need and needed would be considered as two tokens of the same type) somewhat normalizes TTR and decreases the likelihood of multicollinearity with text length.
Each index in TAACO was calculated for each text. As each measure included has some basis as an operationalization of cohesion, we do not exclude any indices from analysis on concept alone, instead taking a more data driven approach. For more information about how indices were derived and how they are specifically related to cohesion, beyond what is described in the current study (see Crossley, Kyle, & McNamara, 2016b) .
Statistical Analysis
Prior to any analysis, the corpus was organized by task and prompt so that a training set and test set which accounted for the repeated measures nature of the data along with prompt differences could be created. The first test administration's integrated essays (n = 240) and the second test administration's independent essays (n = 240) were used in the training in order ensure independence of the data (i.e., avoid repeated sampling) as well as develop models based on separate prompts. The model built from the first split of the essays was then applied to the second split (the remaining 240 independent and 240 integrated essays) which acted as a test set.
In order to determine the relationship between cohesion features and L2 independent and integrated writing tasks, a number of statistical analyses were conducted. We first conducted a Multivariate Analysis of Variance (MANOVA) and post-hoc pair-wise tests to identify which cohesive features were significantly different between test tasks in the training set. This was followed by a Discriminant Function Analysis (DFA) to identify features that classified writing tasks in order to better understand the predictive power of cohesive indices. This analysis was followed by a linear regression model to examine if cohesion devices which could predict test task in the DFA were also predictive of human judgments of essay quality.
Cohesion features used in this analysis were first assessed to ensure they were not strongly correlated with number of words in a text (r > .7) because the number of words alone is a strong indicator of differences in writing tasks as well strong predictors of human judgments . Text length varied widely in the TOEFL corpus, so if an index was strongly correlated with text length, it was not included in the analysis. Eliminating features strongly correlated with text length allows us to examine the effect of cohesive features beyond text length without needing to trim the data around an arbitrary text length.
Cohesion features were also examined for normality of distribution and for multicollinearity with each other (r > .900). If two or more features were multicollinear, all but one was removed. After checking for these criteria, a multivariate analysis of variance (MANOVA) was conducted to indicate which features were significantly different between the independent and integrated writing samples in the training set. To account for multiple comparisons, only those indices which demonstrated a significant difference between independent and integrated writing with p < .001 were included. Setting such a low threshold for critical values can offset the chance that significance was found merely due to repeated pair-wise comparison in the post-hoc analyses. The independent variable in this analysis was writing task, and the dependent variables were cohesive features. Measurements from the training set indices which were significant in the MANOVA were then entered into a DFA model. The DFA was carried out using R (R Core Team, 2007) . DFA allows group classification based on a number of predictors (i.e., membership as either an independent or integrated essay). In DFA modelling, if variables demonstrated suppression effect, the variable was removed from consideration to ensure that the final model reflected the initial statistical trends (Jarvis, 2011; Kyle & Crossley, 2016) . Suppression effects occur when an independent variable, which in isolation is associated with a dependent variable, appears in multivariate modeling with a coefficient inverse to its expected direction of association as an optimal model is constructed.
In order to analyze the connection between cohesive features and human judgments of L2 writing quality, linear regression models were next developed using R. We developed two regression models for each test task using variables found to be predictive of task type in the DFA model described above. The first examined links between cohesion features and independent essay quality. The second examined links between cohesion features and integrated essay quality. The same training and test set split was maintained for the linear regressions but separated by task for these analyses. In both models, we controlled for suppression effects, and only indices which had a significant (p < .001) and meaningful (r > .1) partial correlation with score in the respective task were included in the analysis.
Results
Results from Test Task MANOVA
After checking for multicollinearity, normality, and correlation with text length within the training set, 29 indices were included in the MANOVA model. Of these, 24 variables demonstrated significant differences between writing tasks with p < .001, a level set to control for multiple comparisons. Descriptive statistics for these 24 indices are given in Appendix A. These variables indicated that integrated and independent writing are significantly different across levels of cohesion: local cohesion variables (e.g., lemma overlap across two or three adjacent sentences), use of connectives, subordinators and determiners, global cohesion variables (e.g., overlap of personal pronouns across two or three adjacent paragraphs), and textual cohesion (e.g., span of coreference chains, relevance of sentences and paragraphs to the overall text). Specifically, integrated writing tasks contained more lexical overlap on the local level and generally had more repeated nouns and pronouns. Integrated writing was marked by more use of determiners (e.g., "the" and "that"), subordinators (e.g., "although" and "as"), and negative logical connectors (e.g., "however"). Independent writing tasks contained more global cohesive features, such as lexical overlap across adjacent paragraphs (especially of verbs and function words), and textual cohesive features (such as length of coreference chains and average relevance of sentences and paragraphs to the overall topic). Independent writing was marked by use of specific cohesive connectors of addition (e.g., "also" and "additionally") and logical connection (e.g., "therefore"). MANOVA results are presented in Appendix B.
Discriminant Function Analysis of Task Type
Training Set
The 24 indices determined to be significantly different between the two text types at the p < .005 level (indicated in Appendix B) were entered into a Discriminant Function Analysis (DFA) classification model, which can provide evidence that these indices discriminate between the two task types. The DFA was validated using Ten-fold cross-validation, whereby a model using the selected indices is constructed based on 90% of our observations (i.e., texts) and compared to the remaining 10% to predict task type using the most predictive indices. This process is repeated ten times, each time with a different 10% left out for comparison. Six cohesion indices were ultimately retained in the model as significant predictors of task type in the training set. The six significant predictors are listed in order of predictive power in Table 2 . The results show that the DFA using the six predictive indices correctly classified 450 of the 480 texts as either integrated or independent, χ2 (1, 480) = 367.5, p < .001 with 93.6% accuracy, compared to the baseline chance of 50.0%. The reported Kappa of .873, indicating very strong agreement between the actual test task and the predicted task classification. The confusion matrix for the DFA training set is shown in Table 3 . The results indicate that, in the TOEFL iBT, independent writing is marked by greater use of repeated pronouns, use of logical connectives, and overlap of function words across paragraphs, while integrated writing is associated with greater use of determiners, content word overlap across three adjacent sentences, and a higher type-token ratio
Test Set
The DFA model from the training set was also applied, again using ten-fold cross-validation, to the test set. The results in the test set were similar to the training set results, and the model correctly classified essays as being independent or integrated in 92.3% of cases in the test set, which was significantly higher than the baseline accuracy of 50.00%, χ2 (1, 480) = 343.70, p < .001). The reported Kappa = .846 indicates strong agreement between actual and predicted test task. The confusion matrix for the DFA test set is also shown in Table 3 . 
Correlations Training Set: Integrated Writing
Partial correlations (correlations between a predictor and dependent variable controlling for other predictors) were conducted between the six cohesion indices which showed predictive power in the DFA model and the human ratings of writing quality for the 240 integrated essays selected for the training set. Two indices demonstrated significant correlation with at least a small effect size (p < .01, r > .10 or r < -.10) with the human ratings and had a moderate effect size. See Table 4 for a list of variables with significant correlations. 
Integrated Writing Regression Analysis
A stepwise regression analysis to predict human ratings of essay quality using the cohesion indices found in the DFA models yielded a significant model, F (2, 237) = 23.550, p < .001, r = .399, r 2 = .159. Two indices were included as significant predictors of the human ratings: Type-token ratio by lemma and Function word overlap across three adjacent paragraphs. Type-token ratio by lemma is negatively correlated with the scores, and Function word overlap across three adjacent paragraphs is positively correlated with the scores, indicating that essays with lower lemma type-token ratio and more global overlap of function words received higher scores. See Table 5 for the model built from the training set. We used the model reported in the training set to predict the human scores in the test set. To determine the predictive power of the two indices retained in the regression model, we computed an estimated score for each integrated essay in the test set using the B weights and the constant from the training set regression analysis. This computation gave us a score estimate for the essays in the test set. A Pearson's correlation was then conducted between the estimated score and the actual score assigned on each of the integrated essays in the test set. This correlation together with its r 2 was then calculated to determine the predictive accuracy of the training set regression model on the independent data set. The regression model, when applied to the test set, reported r = 0.290, r 2 = 0.084. The results from the test set model demonstrated that the combination of the two predictors accounted for 8.4% of the variance in the assigned scores of the 240 integrated essays in the test set, providing some confidence for the generalizability of our model for integrated essays using indices from the text classification DFA.
Correlations Training Set: Independent Writing
Partial correlations were conducted between the six cohesion indices which showed predictive power in the DFA model and the human ratings of writing quality for the 240 independent essays selected for the training set. Four indices demonstrated significant correlation with at least a small effect size (p < .01, r > .10 or r < -.10) with the human ratings, with only one having a moderate effect size. See Table  6 for a list of variables with significant correlations. 
Independent Writing Regression Analysis
A stepwise regression analysis using as independent variables the four indices which were significant predictors of text type to predict human ratings of writing quality in independent essays yielded a significant model, F (4, 235) = 17.300, p < .001 r = .463, r 2 = .214. All four indices were included as significant predictors of the human ratings, including the two appearing in the integrated essay model: Function word overlap across three adjacent paragraphs, use of logical connectives, use of determiners, and lemma type-token ratio. As with integrated writing, function word overlap across three adjacent paragraphs is positively correlated with human ratings, and lemma type-token ratio is negatively correlated. In this model, use of determiners is positively correlated with human ratings, and use of logical connectives is negatively correlated. This indicates that human ratings are predicted by higher use of determiners and lower use of logical connectives, in addition to having high global overlap of function words and low lemma type-token ratio. The model demonstrated that the three indices explained 21.4% of the variance in the human ratings of essay quality in independent writing. See Table 7 for additional information. We used the model reported in the training set to predict the human scores in the test set in the same fashion as with the integrated essays. The regression model, when applied to the test set, reported r = 0.410, r 2 = 0.168. The results from the test set model demonstrated that the combination of the four predictors accounted for 16.8% of the variance in the assigned scores of the 240 integrated essays in the test set, providing confidence in the generalizability of our model for independent essay using indices from the text classification DFA.
Discussion
In this study, features of cohesion in a learner writing corpus derived from a standardized assessment were used to classify learner texts according to writing task and to predict writing quality using NLP tools and statistical modeling. Results indicate that an accurate model for predicting writing assessment task type can be constructed using a number of linguistic features. Additionally, a subset of these features were important predictors of human judgments of writing quality, explaining a significant portion of the variance in both L2 source-based and independent writing. This reflects the notion that while cohesive features may vary by text type, they are an important element of L2 writing quality.
In showing that the tasks in the TOEFL (i.e., integrated writing and independent writing) can be automatically classified using a Discriminant Function Analysis based on cohesion indices with 92.3% precision, this study finds support for the long-held assertions that surface features vary significantly between text types (Biber, 1988) and that cohesive features vary by text type (Halliday & Hasan, 1976 ). These differences between integrated and independent writing parallel the distinction which Biber (1988) found between informational and interactive texts and highlight the interference we may see from the topics. The integrated tasks were both on scientific topics and are framed in a way that push the writers to take a more informational stance, where the independent tasks were both on more personal matters and may have led to a more interactional stance. This overlap between the writing task genres in the TOEFL and the established informational/interactive dimension in many register analyses is worth further investigation.
Specifically, independent writing was found to have more repeated use of pronouns throughout a text and more use of logical connectives. The purpose of independent writing (i.e., persuasive writing) may lead writers to produce a great number of logical connectives to independently frame their arguments. Additionally, as the writers have less linguistic resources given by the task prompt, writing is more centered around a core topic, leading to the use of more pronouns. These features are highlighted in examples (1) and (2), with logical connectives in bold and pronoun use in italics.
(1) Therefore, working together with other partners on a project, for instance, is vital to its successful completion.
(2) My parents, for instance, cannot work with computer. However, they gradually begin to need this at their working place and they rely on me to teach them. On the other hand, there were no computers and such complicated technologies in the past.
Independent essays were also found to contain more function word overlap across paragraphs than in integrated writing, again due in part to the independent writing task giving writers fewer linguistic resources to work from. This aspect is harder to exemplify as it includes many different surface features and spans, oftentimes, the length of a text. It is firstly dependent on a writer's ability to organize their text by paragraph and competence in using function word categories. More related to cohesion and discourse orientation, function word overlap between paragraphs shows, to some extent, a common structuring of paragraphs within a text, as the function word categories provide framing for discourse. Thus, for independent writing, if one paragraph involves introducing a main idea, providing a detail, and then linking to a counterpoint with however, a subsequent paragraph may likely follow the same discursive signposting.
In relation to integrated writing, this study finds that integrated writing on the TOEFL involves more local cohesion in the form of content word overlap across any three adjacent sentences and greater use of determiners as exemplified in examples (3) and (4). Determiners are marked in bold, and content word overlap is marked with italics.
(3) In the lecture points were raised that explained the limitations of the three theories in the reading passage. The points mentioned are… (4) Firstly, birds migrate even when the sun and stars are not visible. As result the theory of celestial navigation is completely not true; it is partially true. It is true that birds use the sun and stars to migrate… Integrated writing on the TOEFL includes a source to which writers must respond so there is increased lexical resources to draw upon and a narrower focus in topic which can explain the lexical overlap of content words. The fact that the integrated writing is a response also helps explain why there is more determiner use, as much of the content in the texts is marked for givenness. The linguistic resources of the integrated writing source provide writers a set of cues for what words are rich in topic relevance, providing motivation for the repetition of content words and the greater use of determiners (which indicate given information).
Although it may seem contrary to the above examples, TTR is also higher for integrated writing, likely stemming from what integrated writing lacks compared to independent writing: pronoun repetition and function word overlap. Writers writing from a source have access to the linguistic resources of a text as well as their own pre-existing linguistic resources, which may lead to the higher type-token ratio we find in integrated writing. As there are less repetitions of function word types, and again more linguistic resources to draw upon in the source text, TTR raises significantly for integrated texts.
When the DFA was unable to correctly classify a text as either integrated or independent, there were technical reasons for the mismatch in some cases. Independent texts were associated with function word overlap across multiple paragraphs. An independent text that did not have clearly marked paragraphs would be more likely to be classified as Integrated as the overlap score would be registered as zero (0). Additionally, as Integrated texts were associated with higher use of determiners, repeated errors with irregular determiner use (e.g., using "sun" instead of "the sun") made it more likely an Integrated text would be classified as an Independent text.
Regarding cohesion and writing quality, the models for predicting writing quality were significant, but not as accurate as the task classification model. This is expected, because cohesion is only one component of the quality in L2 writing. In the absence of other linguistic features (e.g., lexical sophistication, syntactic complexity), the results in this study show cohesion indices account for a reasonable amount variance in L2 writing quality. However, in addition to the similarity of explained score variance in models for both tasks, the cohesion features that explained variance were similar in each model, indicating that the aspects of cohesion used in human judgments of writing quality are not different between assessment tasks.
For independent writing, the model predicted 17% of the variance and included four predictors. Two of these were strongly associated with independent writing in the DFA (function word overlap between paragraphs and logical connectives), but two indices were more strongly associated with integrated writing (type-token ratio and use of determiners). Additionally, while the incidence of logical connectives was a positive predictor of independent writing in the DFA, it was negatively correlated with the quality in the independent set. Conversely, the use of determiners was positively associated with integrated writing in the DFA but was positively correlated with independent writing score. For TOEFL integrated writing, function word overlap across paragraphs and type-token ratio were the only cohesion indices predictive of score, but only type-token ratio was associated positively with integrated writing in the DFA. In sum, a linguistic feature associated with a particular type of writing is not necessarily seen as positive for that type of writing.
The distinction between what L2 writers actually do in each task (as shown in the DFA) and what is predictive or not predictive of the quality (as shown in the regression models) has precedent in L2 writing literature. For instance, coherence is not bound to the explicit use of cohesive devices (Carrell, 1982; Crewe, 1990; Plakans & Gebril, 2017; Williams, 2012 ) and with high knowledge readers such as expert raters, the use of explicit cohesive devices may lead to a less coherent text (McNamara et al., 1996 , O'Reilly & McNamara, 2007 . Such findings have been reported in previous L2 studies (Crossley, Kyle & McNamara, 2016a , Guo et al., 2013 .
L2 writers may produce a greater number of logical connectives because they believe that the use of logical connectors makes their writing more sophisticated, especially in non-communicative, highstakes formats (Williams, 2012) . L2 writers receive explicit and precise instruction on connective use, possibly leading to overuse (Crewe, 1990) . Increased used of connectives in independent writing may be task related as well because writers depend on them as road-mapping devices to construct meaningful arguments (Spivey, 1990; Yang, 2014) . Beyond logical connectives, the incidence of determiners was strongly related to integrated writing but was a strong predictor of writing quality for independent writing. Determiners, such as articles, are difficult for L2 learners to master (Master, 2002) , and unlike integrated writing where the source may provide guidance for the use of determiners, independent essays likely better demonstrate a writer's mastery of difficult linguistic features. Thus, writers in the independent task that produced fewer determiners may have been viewed by expert raters as less proficient.
In looking at the features which were predictive of the quality for both tasks, we find that type-token ratio was included in both models. This affirms results in previous studies which have reported typetoken ratio as an important predictor of writing quality (Guo et al., 2013; . Function word overlap across adjacent paragraphs was also a significant predictor in both models. This stands to reason since use of function words, such as prepositions and determiners, are difficult to master for L2 English learners (Crossley, Kyle, & McNamara, 2016a; De Felice & Pulman, 2008) and can be seen as a general feature of more sophisticated writing. Additionally, global cohesion as reported by paragraph overlap measures have also been associated with greater writing quality (Crossley, Kyle, & McNamara, 2016b; Guo et al., 2013) . Specific to function words, overlap across paragraphs may be indicative of a coherent structure and organization across paragraphs. Examples (5) and (6) provide brief excerpts from a single lower-scoring independent writing.
(5) If we don't have any memoriziable [sic] memories what is for living? If you don't have anyting [sic] to tell others that you loved sharing it with others. Just for living another's words to take a breath? Is that it ? No , that is not that. (6) I mean we are busy. We are always in a rush , always have a lot things going on with us , and we can managed almost whatever we want.
These excerpts are from the same text but different paragraphs. The author attempts a parallel structure sentence by sentence, but there is very little overlap between paragraphs in how these pieces of discourse are hung together.
Conversely, in (7) and (8) below, we see two excerpts from different paragraphs within one highly rated integrated writing sample. Function word overlaps between the excerpts from paragraphs are bolded, and repetitions in general are italicized. In addition to repeated use of function words throughout both parts of the text, there are many repetitions of words in general, indicative of this text's overall low type token ratio.
(7) this theory means that if a bird losts in a place that unfamiliar with them they couldn't go back or find a way out from that place. it's because they don't have any memory about that place, they haven't been there. (8) … this theory doesn't explain all the things needed by birds to navigate. because when birds fly, they do not need only directions, they also need information about how far…
Here, we can see how the author is commenting on different subtopics in their integrated essay but maintain a similar approach to sequencing ideas. They expand on a point with a phrase like "this theory means" or "this theory doesn't explain" and connect ideas logically in both paragraphs using "because." Seeing the use of repeated function words in this way in highly rated texts provides some explanation for why function word lemma overlap across paragraphs and low lemma type-token ratio predicted higher scoring texts.
The mismatch between the features that distinguish tasks and how those features predict essay quality is not, in itself, problematic. Rather, the results show that judgements of writing quality are predicated on similar features of cohesion across tasks. However, the tasks themselves seem to lead to the production of different types of cohesion feature. This difference warrants the use of multiple writing tasks to elicit different facets of academic writing in L2 writing assessment and raises the questions of whether the assessment of cohesion requires further definition in terms of the register of writing in standardized assessment rubrics beyond their mention under organization and coherence (as in the TOEFL rubrics). Even in assessments where cohesion is separately assessed with an analytic rubric (as in the IELTS rubrics), cohesion is not operationalized differently for the more integrated descriptive task and the prompted essay task. To capitalize on measuring academic writing using multiple writing tasks, rating tools should be built around the specific register of the writing task with specific attention to the unique features of the register that create a text's texture. Alternatively, it may be the case that source texts need to be tightly controlled to ensure minimal linguistic priming.
Conclusion
Summary of the Findings
The results of this study show not only the importance of examining a wide and varied set of cohesive features to gain a fine-grained understanding of L2 writing quality, pinpointing exact features relevant to writing score variance but also the importance of understanding how task type can influence the production of cohesion features. The interaction between task types and writing quality has important implications for L2 writing for both the development of standardized tests and the assessment of writing within these tests. The findings also have implications for the automatic assessment of essay quality using cohesion features.
For assessment developers and practitioners, this study highlights the interaction between cohesion and text type. As cohesive features include strategies writers employ for organizing ideas, and test tasks are bound to elicit a specific set of writing strategies, different tasks will likely evoke different sets of cohesive features. For writing assessment, it is important to recognize that different writing tasks may not elicit cohesive strategies that are associated with quality writing.
Limitations
This study has several limitations. The issue of prompt effects provides a large hurdle for this study. Especially for analysis of integrated writing assessment, where prompts affect a wide range of linguistic resources available to the examinees, prompt will likely confound some the results found regarding prevalence of cohesive features and this was not addressed here. Additionally, the explicit overlap between source texts in integrated writing and the examinees' writing was not analyzed, and this may be a further compounding factor.
The findings from this study highlighted specifically the extent to which cohesive indices which distinguish writing assessment tasks also predict writing quality. As such, the results from this study do cannot put forth a unified description of how cohesive features affect writing quality and the results may not be generalizable for all writing contexts. Related to this, the data-driven nature of the study means indices of cohesion which may be highly predictive of writing quality but did not show initial significant difference in use between writing tasks would not become apparent in this study. Although this study was not able to produce a specific set of features which both typified writing tasks and uniquely predicted individual task scores, the results show the benefit of exploring cohesion through model-building while controlling for task differences. The derived models can help test designers improve writing assessment in the classroom and in standardized testing. The models may also be applied in automatic text classification tasks as well as automatic essay scoring tasks.
Future Directions
Future studies should consider additional cohesion features such as register-specific features and intertextual cohesion features that measure overlap between documents (e.g., source and texts). Newer lexical diversity indices that control for text length or include features related to richness, disparity, dispersion, and evenness (Jarvis, 2002; McCarthy et al., 2010) may also provide additional evidence for the role of cohesion features in independent and integrated writing samples. Lastly, while difficult to measure computationally, the accurate use of cohesion features may provide greater details about how they interact in L2 writing. Future research into fine-grained indices of cohesion and L2 writing should expand into a broader range of task types to identify cohesive features which can predict quality for those tasks. 
